Introduction
As major studies have demonstrated equal efficacy of adjuvant and neoadjuvant cytotoxic regimens, neoadjuvant chemotherapy (NAC) is an important treatment option for invasive breast cancer [1, 2] . There are several advantages of NAC: In patient responding to NAC, the rate of breast-conserving therapy can be increased. Therefore, it is no surprise that S3 guidelines recommend NAC particularly in the setting of advanced or even primarily inoperable cancers [2] . Among further advantages of NAC, the potential to directly evaluate treatment efficacy is probably most important. Hereby, the response rate can be investigated with histological samples, which is impossible in the adjuvant situation. As NAC enables in vivo sensitivity tests to study tissue response (TR), we can individually adopt cytotoxic regimens either by changing the frequency, duration, and dosage of the agent or by switching to another NAC regimen. Non-response to NAC is one of the strongest surrogate parameters of patient outcome and survival [1, 2] .
In the assessment of TR to NAC, medical imaging plays a central role [3] . Size measurement before, during, and after NAC is one of the most frequently applied methods to assess the response to cytotoxic treatments in daily practice. In this context, mammography, ultrasound, and breast m agnetic resonance imaging (bMRI) are the standard methods. Ultrasound is easy to assess, cheap, rather fast, and offers high spatial resolution. Therefore, ultrasound is the workhorse in the assessment of TR to NAC in many institutions.
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investigations assessed TR to NAC mainly based on changes in tumor diameter [3] . Marinovich et al. [3] performed a meta-analysis regarding the accuracy of bMRI versus ultrasound and mammography in comparison to the gold standard (mean difference (MD) between bMRI and pathology). Based on a large body of evidence, they concluded that bMRI (MD 0.0 mm) is generally superior to ultrasound as well as mammography and should be considered the most appropriate test in the assessment of TR to NAC.
Besides basic tumor size measurement, bMRI provides functional data about tissue vascularization [4, 5] . As shown in previous research, such data reflect the tumor biology, are connected to patient outcomes [6] [7] [8] , and could be used as surrogate parameters of TR (for instance [9] ). Yet, the major drawback of bMRI is its complex interpretation [10, 11] . This is particularly challenging in the context of dynamic examinations (e.g. follow-up examination during NAC) and multicentric oncological trials. Accordingly, bMRI is still not routinely used in the assessment of TR to NAC [2] .
A standardized method providing both automated measurements and standardized documentation of serial bMRI data that could be used as surrogate parameters of TR would be highly desirable. Therefore, we investigated the accuracy of an automated semi-quantitative software as an imaging biomarker for the prediction of TR after completion of NAC.
Patients and Methods

Study Design
For this retrospective, cross-sectional, single-center study, performed at the university hospital of Jena, informed consent was waived by the local institutional ethical committee. Data were collected at an academic tertiary care institution run by interdisciplinary breast cancer specialists (gynecology, oncology, pathology, radiation oncology, and radiology), and therapeutic decisions such as indication for NAC were established by multidisciplinary consensus. Treatment and follow-up were performed following national guidelines [2] . Accordingly, NAC was indicated in the case of locally advanced invasive and inflammatory cancers in order to reduce local tumor burden and hereby increase the rate of breast-conserving surgeries. NAC schemes contained 1 anthracycline and 1 taxane agent plus trastuzumab in the case of positive HER2 testing. NAC schemes were administered in 6-8 cycles over 18-24 weeks.
Primary indications for bMRI were BI-RADS IV or V findings upon mammography and/or breast ultrasound. Out of this patient pool, all consecutive individuals over a period of 24 months with biopsy-proven primary invasive breast cancer (biopsies were performed after bMRI) receiving a complete scheme of NAC according to the above criteria were selected for the present analysis.
Standard of Reference
Histopathology was performed by 2 board-certified breast pathologists in consensus. The diagnosis of 'breast cancer' was based on specimens from image-guided biopsy before the initiation of NAC. As all lesions were visible in breast ultrasound, 14-gauge core biopsies under sonographic guidance were performed for tissue sampling. After completion of NAC, specimens taken from mastectomy or breast-conserving therapy were used to define the response to treatment. The TR of every single tumor lesion was graded using the Chevallier classification [12, 13] (As this study focuses on the direct correlation of bMRI pattern with TR, the axilla was not considered):
Full responder: absence of residual tissue (Chevallier grade 1: CG1).
Partial responder: absence of vital tumor but remaining noninvasive single cancer cells (CG2).
Partial responder: vital tumor present demonstrating changes related to NAC (CG3).
Non-responder: vital tumor present without evidence of changes related to NAC (CG4).
MRI
Patients were examined before and after the completion of NAC. bMRI Protocols were standardized with exactly the same parameters before and after NAC by one single 1.5 Tesla MRI unit using a vendor-supplied bilateral 4-channel breast coil (Magnetom Symphony, Siemens Healthineers, Erlangen, Germany) [14] . The bMRI protocol according to [14] consisted of one non-fatsaturated morphologic T2-weighted sequence and repetitive radiofrequency spoiled dynamic T1-weighted gradient echo sequences (Fast Low Angle SHot, FLASH 2D) acquired at 1-min intervals over 8 min. Only the dynamic sequences were used for this investigation (see [15] for full diagnostic protocol). After 1 baseline scan, gadopentetate dimeglumine (Magnevist, Bayer/Schering HealthCare, Leverkusen, Germany) was administered into an antecubital vein by a power injector at a dosage of 0.1 mmol/kg body weight with a flow rate of 3 ml/s, followed by a 20 ml saline flush (Spectris, Medrad, Pittsburgh, PA, USA). Post-contrast scanning started 30 s after contrast injection using the same adjustment settings. Acquisition parameters were 110 ms (repetition time), 5 ms (echo time), 80° (flip angle), 1.1×0.9×3 mm (spatial resolution), and 350 mm (field of view).
MRI Analysis
Imaging data were processed by dedicated, commercially available, FDAapproved software (CADstream, Confirma, Kirkland, WA, USA). The software automatically segmented the lesions and provided 3 enhancement parameters on a voxel-by-voxel basis. The initial enhancement threshold was set to 40. Hereby, the initial enhancement defines the signal intensity of the first minute post-contrast normalized (%) to the baseline signal before gadolinium. 2 experienced bMRI radiologists (> 500 examinations/year) blinded to the standard of reference supervised the automated software analysis. Both were trained by the vendor's application specialist in handling the software. Figure 1 highlights a typical example of CAD (computer-aided diagnosis) analysis. Here, 3 enhancement parameters were automatically extracted by the software:
Tumor volume (TV) integrated all voxels passing the enhancement threshold. In order to reduce the influence of partial volume effects, a voxel was defined as a cluster of 3 by 3 pixels. Based on the spatial resolution (1.1×0.9×3 mm, see above), the TV was calculated in cm 3 . For tumor diameter (TD), the largest diameter of the TV was identified by the algorithm. Based on the spatial resolution, it was documented in mm.
Volumetric analysis of tumor vascularization (VAV) investigated enhancement characteristics of the tumor after completion of NAC. Typical patterns of the early and delayed phase were analyzed as described by Morris et al. [10] . First, the software automatically identified the most suspicious tumor compartment. This was defined as the tumor voxel showing the highest 'wash in' to 'wash out' ratio within the voxels of interest (VOI). Second, the vascularization of this tumor compartment was categorized as 'slow', 'medium', or 'strong wash in' (< 40%, 40-100%, > 100%) to describe the initial enhancement, and 'wash out', 'plateau' or 'persistent' to describe the delayed enhancement (< 10%, +/-10%, > 10%,) (percentages normalized to the first scan after contrast application). As stated in table 1, this gave a total of 7 categories labeled VAV 0 to VAV 6 .
Statistical Analysis
To address the changes related to NAC, ΔTV and ΔTD were calculated in % as follows:
Non-parametric rank tests (Kruskal-Wallis test; appropriate post-hoc analysis), rank correlation (Spearman's rho), and standard descriptive statistics were performed to explore the association of VAV, ΔTV, and ΔTD with TR.
The association of quantitative parameters (ΔTV, ΔTD) with TR was investigated by ROC (receiver operating characteristics) with subsequent AUC (area under the curve) analysis. Based on appropriate cut-off criteria, corresponding values for sensitivity, specificity, and negative/positive likelihood ratios (L-, L+) were calculated.
The association of the ordinal parameter VAV with TR was explored with logistic regression. Corresponding predicted values were saved and analyzed by AUC analysis just like ΔTV, ΔTD.
For all statistical tests, the null hypothesis (H0) was defined as 'no association between NAC and the given MR parameter'. The analysis was done on a lesion-based level. Hypotheses were tested in a 2-sided manner; α was defined as 5%.
Results
Patients and Standard of Reference
In total, 108 histologically verified malignant lesions in 67 patients were included. The mean patient age was 51.7+/-10.3 years. The mean lesion size was 26.8+/-19.3 mm. There were 92 (85.2%) invasive ductal, 10 (9.3%) invasive lobular, 5 (4.6%) inflammatory, and 1 (0.9%) invasive medullary cancers. Tumor grading was G1 in 9 (8.3%), G2 in 41 (38%), and G3 in 58 (53.7%) cases. After completion of NAC, Chevallier grading was '1' in 37 (34.3%), '2' in 7 (6.5%), '3' in 53 (49.1%), and '4' in 11 (10.2%) patients. Table 2 gives a cross tabulation of histopathological subgroups (tumor type, grading) and CG.
ΔTD, ΔTV
Median values of ΔTD were 100% for CG1, 96% for CG2, 81% for CG3, and 36% for CG4. In the 3 categories, CG1 to CG3 median values of ΔTV were 100%. ΔTV of non-responders (CG4) was 75%. Differentiation of CG2 versus CG3 and CG1 versus CG2 was not possible using either ΔTD or ΔTV (p = not significant (n.s.)). All other CG could be clearly differentiated by both parameters (p < 0.05). For both ΔTD (rho = -0.60) and ΔTV (rho = -0.59), there was an inverse correlation with CG (both p < 0.001).
VAV
Typically, complete responders (CG1) showed VAV 0 (91.9%, n = 34; p < 0.001). The 3 remaining CG1 patients were VAV 1 (n = 2) and VAV 5 . VAV 6 was most frequent (54.5%, n = 6) in nonresponders. The 5 remaining CG4 cases were VAV 0, VAV 3 (both n = 1, 9.1%), and VAV 4 (27.3%, n = 3). Partial responders (CG2 and CG3) showed different VAV patterns compared to complete and non-responders (p < 0.001). Owing to substantial overlap of VAV patterns, these features were not able to differentiate CG2 from CG3 lesions (p = n.s.).
Most CG2 lesions were either VAV 0 or VAV 1 (each 42.9%, n = 3). The 1 remaining case within this subgroup was VAV 5 (14.3%). In the CG3 subgroup, VAV 0 (39.6%, n = 21) and VAV 3 (20.8%, n = 11) were the most frequent vascularization patterns. The remaining CG3 cases ranged from VAV 1 (13.2%, n = 7), VAV 4 (7.5%, n = 4), and VAV 5 (11.3%, n = 6) to VAV 6 (7.5%, n = 4).
For VAV there was a positive correlation with CG (CG = 0.60; p < 0.001). Logistic regression identified typical VAV patterns for CG1 (VAV 0 : odds ratio (OR) = 20.9) and CG4 (VAV 4 : OR = 33.4; VAV 6 : OR = 66.8; all p < 0.001). Figure 2 summarizes the association of ΔTD, ΔTV VAV with CG.
AUC Analysis
Identification of patients with complete response showed similar values for all 3 parameters. Yet, ΔTD reached the highest predictive accuracy (AUC = 79.5%; table 3). Concerning partial response, VAV provided the highest AUC (68.6%), L+ (3.3), and specificity (83.7%). On the other hand, size measurement revealed lower accuracy for the assessment of lesions with partial response (AUC: ΔTD = 63.3%, ΔTV = 58.1%). Highest AUC values were observed for non-responders for all 3 parameters. Nevertheless, ΔTV achieved the maximum AUC in the prediction of non-responders to NAC (AUC = 88.8%).
Discussion
Semi-quantitative automated analysis of bMRI data enabled the prediction of tissue response to NAC. The automated softwarebased approach enabled us to investigate bMRI changes occurring due to cytotoxic treatment in a volumetric manner while avoiding observer-related bias. This is a clear advantage of our methodology over competing approaches to bMRI assessment of TR to NAC (e.g. [16] reporting κ as low as 0.6).
Depending on the response category, we observed different levels of predictive accuracy. Generally, parameters showed similar levels of AUC (table 3) . Nevertheless, in every category, 1 parameter showed optimal performance to differentiate TR. Regarding complete response and non-response to NAC, AUC levels of computer-aided diagnosis parameters were equal (p = not significant). AUC = Area under the curve; L+/L-= positive/negative likelihood ratio for bMRI biomarkers; ΔTD = tumor diameter; ΔTV = tumor volume; VAV = volumetric analysis of vascularization vs. tissue response to NAC (complete, partial, and non-response). ΔTV showed the highest accuracy in the assessment of non-response to NAC (AUC = 88.8%). Accordingly, the strength of this parameter was the identification of small (volumetric) changes in tumor size, enabling the identification and differentiation of lesions with a TR of CG4 to NAC. On the other hand, ΔTD performed best in the assessment of complete response to NAC (AUC = 79.5%).
According to the study design, we can only speculate why ΔTD slightly outperformed ΔTV in the complete-response subgroup and ΔTV surpassed ΔTD in CG4 cases: In our experience, areas of non-mass enhancement are sometimes seen around vanishing tumors responding to NAC. The nature of these findings could be the upregulation of inflammatory pathways in order to promote the resorption of necrotic and apoptotic tumor tissue. Such findings are typically correlated with contrast uptake and can mimic real TV after NAC. This would lead to an overestimation of TV and result in decreased accuracy of ΔTV in the assessment of CG1 to CG3 lesion.
Although both TV and TD measure the same target parameter (tumor size), the correlation between both values is not straightforward: The more the lesion leaves a classical spheric shape, and the more it changes to a non-mass like diffuse geometry, the less we would expect a straightforward correlation between ΔTV and ΔTD. Since the abovementioned inflammatory enhancement around the vanishing tumor is typical non-mass like, this might serve as a potential hypothesis why ΔTD outperformed ΔTV in the case of residual tumor.
This argumentation might also explain why ΔTV performed best within the CG4 subgroup. In these lesions, there was no response to treatment, and therefore this kind of enhancement is not likely to occur. It is all the more important to exactly match the size of the pre-to post-treatment bMRI, which is optimally performed in a volumetric way as provided by ΔTV.
The strength of VAV on the other hand was the differentiation of partial response from CG1 and CG4. This finding can be interpreted in the context of pathophysiology. Whereas complete and non-response to NAC is reflected by anatomical changes in the tumor through measurement of cancer size, assessment of partial response cannot be adequately done based on anatomical values but relies on functional parameters. Therefore, ΔTD and ΔTV were clearly inferior to VAV in this subgroup. Probably due to the presence of regressive tumor changes, ΔTD again outperformed ΔTV. As VAV categorizes tumor vascularity, it is conclusive that VAV was most suitable to assess partial response to NAC.
Multiple studies have investigated the potential of bMRI to predict the degree of TR to NAC compared to mammography and ultrasound [3, 9, 17, 18] . As this topic remained controversial, a recent meta-analysis summarized the current evidence [3] :
Compared to ultrasound, they identified a higher accuracy for bMRI in the prediction of tumor size after NAC. The researchers also identified substantial heterogeneity of ultrasound measurements compared to bMRI; this verifies the significant observer-related bias introduced by sonography in the assessment of TR. In this meta-analysis, the author reported that ultrasound could not be performed in 1 out of 10 patients of the study cohort, whereas bMRI was successfully performed in every patient. Based on such findings, one could expect a decreased applicability of breast ultrasound in the setting of TR assessment to NAC compared to bMRI. Nevertheless, this is not in accordance with our own experience, where ultrasound is certainly much easier to implement into the clinical workflow.
The authors also compared mammography with bMRI in the assessment of TR to NAC. In this cohort, all patients could be sufficiently assessed by bMRI. However, in 1 out of 4 patients (24.3%), TR could not be evaluated by mammography. Typical reasons for problematic mammographies included dense breasts and dorsal tumor location.
Accordingly, the authors concluded that bMRI is superior to mammography and even ultrasound and should be considered the most appropriate test in the assessment of TR to NAC [3] .
With this question having been answered, the most important task is now to determine how to optimally interpret and document bMRI findings in the NAC setting. The most common method in previous research was the manual measurement of lesions by the radiologist. This approach increases the likelihood of observer-related bias. The use of CAD can overcome this source of error as previously demonstrated [17, 18] . Surprisingly, only few papers have applied this approach in assessing TR to NAC (for instance [9, 17, 18] ).
Kim et al. [9] investigated whether TR can be predicted by CAD. They simplified the CG score and dichotomized patients into categories of 'complete response' and 'non-complete-response' to NAC. Different to our approach, 'non-complete-response' was not further categorized into CG2 to CG4. The authors reported a significant correlation of VAV with TR. Different from our analysis, they did not aim to quantify the accuracy of bMRI for the prediction of TR to NAC. This is why sensitivity, specificity, and AUC levels are not available.
Lyoung et al. [17] compared the performance of CAD with the assessment by an experienced radiologist. Their study collective was much smaller (57 lesions) compared to that of Kim et al. [9] (n = 148) and the present investigation (n = 108). Similar to our data and different from Kim et al. [9] , Lyoung et al. [17] documented the degree of TR on a much more detailed, 4-tailed, ordinal scale. Based on this analysis, the authors were able to verify that CAD is sufficiently accurate in the assessment of residual extent in breast cancer patients treated with NAC [17] . Yet, owing to the study rationale, no details were given on the accuracy of bMRI in the prediction of TR.
Although previous publications on the role of CAD in the assessment of TR had clearly different rationales, they agreed on the important role of VAV (for instance [9, 17] ). This is in accordance with our results: As shown in table 3, VAV was a powerful predictive parameter of TR. In answering the clinically most relevant questions (Complete response? Non-response?) performance was in the range of classical size measurements of tumor diameter and volume. In the more challenging prediction of 'partial response', VAV demonstrated even higher predictive values compared to ΔTD and ΔTV. In our opinion, this indicates its potential to further improve the predictive accuracy of bMRI. This is also in accordance with previous research on prognostic bMRI, where VAV results were identified as tissue biomarkers and surrogates of patient outcome in breast cancer [6] [7] [8] .
Although the levels of predictive accuracy in the current study are encouraging, they do not allow for histopathology or even surgical resection to be omitted. Therefore, the performance of bMRI in the assessment of TR must be improved. Diffusion weighted sequences are the most promising for this task. Previous work (for instance [19] ) has demonstrated equal or even superior performance of diffusion weighted imaging compared to a standard dynamic contrast-enhanced protocol. As combinations of multiple imaging criteria [11] and multiparametric imaging have been shown to increase the accuracy of bMRI [20, 21] , this approach should be further investigated in the assessment of TR to NAC in the near future.
In conclusion, we demonstrated the feasibility of a semi-quantitative automated analysis of bMRI, enabling the prediction of TR to NAC. The strength of this imaging biomarker was a standardized automatic interpretation of bMRI limiting observer-related bias. Hereby, parameters of tumor dimension and tissue vascularization were identified as imaging biomarkers for the assessment of TR to cytotoxic treatment. Future research should i) focus on the multiparametric assessment of bMRI in the NAC setting including DWI, and ii) translate such findings into multicentric oncological trials.
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